1 inspection center, affiliated infectious hospital of soochow University, 2 Key laboratory of TB Prevention and cure of suzhou city, Abstract: Hepatocellular carcinoma (HCC) is a liver cancer that could be induced by hepatitis C virus genotype 2a Japanese fulminant hepatitis-1 (JFH-1) strain. The aim of this study was to investigate the molecular mechanisms of HCC. The microarray data GSE20948 includes 14 JFH-1-and 14 mock (equal volume of medium [control])-infected Huh7 samples. The data were downloaded from the Gene Expression Omnibus. After data processing, soft cluster analyses were performed to identify co-regulated genes with similar temporal expression patterns. Functional and pathway enrichment analyses, as well as functional annotation analysis, were performed. Subsequently, combined networks of protein-protein interaction network, microRNA regulatory network, and transcriptional regulatory network were constructed. Hub nodes, modules, and five clusters of co-regulated genes were also identified. In total, 173 up and 207 down co-regulated genes were separately identified in JFH-1-infected Huh7 cells compared with those of control cells. Functional enrichment analysis indicated that up co-regulated genes were related to skeletal system morphogenesis and neuron differentiation and down co-regulated genes were related to steroid/cholesterol/sterol metabolisms. Hub genes (such as IRF1, GBP1, ICAM1, Foxa1, DHCR7, HMGCS2, and MSMO1) were identified. Transcription factors IRF1 and Foxa1 were the targets of miR-130a, miR-17-5p, and miR-20a. PPARGC1A was targeted by miR-29 family, and MSMO1 was the target of miR-23 family. Hub nodes (such as IRF1, GBP1, ICAM1, Foxa1, DHCR7, HMGCS2, and MSMO1) and microRNAs might be used as candidate biomarkers of JFH-1-infected HCC.
Introduction
Hepatocellular carcinoma (HCC) is the seventh most common cancer in women, the fifth most common cancer in men, and the third leading cause of cancer death. 1 Hepatitis C virus (HCV) is a common blood-borne viral infection resource and a leading cause of chronic liver diseases including HCC. 2 Persistent viremia induced by HCV infection is believed to be the main cause of sustained liver dysfunction and higher HCC rate. 3 Individuals with substantial or repeated direct percutaneous exposures such as injecting drugs, receiving blood from infected donors, hemophilia, and surgical resection have a higher prevalence of antibody to HCV. 2, 4 In North American and Western European countries, antibody to HCV has been detected in the serum of nearly 70% of HCC patients. 5, 6 In recent years, investigations on HCC mechanisms have been extensively performed. Studies have shown that genetic factors, metabolic factors, and environment conditions were the main causes of HCC. 2, 4 After being infected with HCV, patients frequently develop liver steatosis pathophysiology 7 and show resistance to interferon submit your manuscript | www.dovepress.com
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Xu et al (IFN) treatment. 8, 9 HCV is a lipotropic virus associated with serum lipoprotein. 10 The replication and infectivity of HCV can be regulated by cellular lipid status, 4 making serum lipoprotein level a good candidate marker and therapy for HCV-induced disease progression. 11 Gene expression profile analyses have revealed that the genes associated with lipid metabolism and viral particle production can be repressed by microRNAs (miRNAs). 10 Shirasaki et al revealed that overexpression of miR-27a decreases viral infectivity, enhances IFN signaling, and develops a more favorable response to IFN therapy. 10 Previous studies focusing on miRNAs suggest the regulatory effect of miRNAs such as miR-130a, 12 miR-196, 13 and Let-7b 14 on lipid metabolism and HCV replication, indicating that miRNAs have therapeutic potential for HCV-induced HCC patients. In addition, downregulation of HCC-related protein 1 may be related to decrease the invasion of HCC cells. 15 HCCA1 plays an active role in HCC carcinogenesis and progression, and it may be used as a marker for HCC diagnosis and a potential target for treatment of this disease. 16 As a genotype 2a HCV clone, HCV genotype 2a Japanese fulminant hepatitis-1 (JFH-1) strain can undergo a complete infection cycle in cell culture. This makes it possible to clarify the influence of HCV infection on host gene expression. 13, 17 In 2010, Blackham et al 18 used microarray data to analyze the differentially expressed genes (DEGs) between JFH-1-infected Huh7 cell samples and mock-infected Huh7 cell samples (controls). They demonstrated that JFH-1 infection decreased the expression of genes involved in lipid metabolism (TXNIP and CYP1A1) and increased the expression of genes involved in cellular defense metabolism (CXCR1 and CXCR2). However, they did not perform the regulatory analysis of transcriptional and miRNA regulatory interrelationships. Thus, the miRNA regulation of these genes still remains unclear.
Using the microarray data GSE20948 released by Blackham et al, 18 we first identified the co-regulated genes with similar temporal expression patterns. Then, the miRNAs related to the co-regulated genes were predicted to construct the regulatory network. Gene ontology (GO) and pathway analysis showed that the up co-regulated genes induced by JFH-1 infection were associated with neuron differentiation, response to virus, and immune response, and the down co-regulated genes were significantly relevant to steroid and cholesterol metabolic processes. Moreover, the genes and miRNAs were validated in HCC samples downloaded from The Cancer Genome Atlas (TCGA). This study indicated the importance of genes and miRNAs in HCC induced by HCV infection and the potential therapeutic properties of those miRNAs and genes for HCV-infected HCC.
Materials and methods
Microarray data
Expression profile of GSE20948 released by Blackham et al 18 was downloaded from the Gene Expression Omnibus (http://www.ncbi.nlm.nih.gov/geo/) based on the platform of GPL570 (HG-U133_Plus_2) Affymetrix Human Genome U133 Plus 2.0 Array (Affymetrix, Santa Clara, CA, USA). GSE20948 includes 14 JFH-1-infected Huh7 cell samples and 14 mock-infected Huh7 cell samples, taken at 6 hours, 12 hours, 18 hours, 24 hours, and 48 hours post treatment (three repeats for each time point, the first repeat of both JFH-1-and mock-infected Huh7 cell samples at 6 hours post infection/ treatment was not enrolled due to its poor quality). 18 
Data processing
After downloading GSE20948, microarray data were preprocessed by the Affy package (http://www.bioconductor.org). 19 Probe identity documents of the raw data were converted to gene symbols using robust multi-array analysis package 20 in Bioconductor (http://www.bioconductor.org/). For each transcript, mean expression values for each gene were determined by averaging the individual expression values. Then, the average expression values of transcripts in JFH-1-infected samples were normalized against those in mock-infected samples at the corresponding time points, which were considered as the fold changes. Subsequently, the log 2 transformation was performed. Finally, gene expression matrix of the samples was obtained.
Soft cluster analysis and identification of co-regulated genes
Soft cluster analysis was performed to detect the groups of transcripts with similar expression pattern during the experimental period. The Mfuzz package 21 was used to conduct noise-robust soft cluster analysis to obtain the co-regulated genes with a similar expression pattern at five time points. The cluster algorithm was the fuzzy c-means algorithm. 22 The parameters of minimum standard deviation and score were set as 0.1 and 0.6, respectively. A degree of membership of gene .0.6 was used as the inclusion criterion of co-regulated genes with a similar expression pattern.
Functional and pathway enrichment analysis for genes in modules
The Database for Annotation, Visualization, and Integrated Discovery 23 was used to identify the significant GO biological process categories and the Kyoto Encyclopedia of Genes and Genomes pathway terms related to co-regulated genes. P,0.05 and enriched gene count .2 were used as the cutoff criteria. To determine whether the genes in clusters had functions of transcription factors (TFs), TF database (ftp://ftp.ncbi.nlm. nih.gov/repository/TFD/datasets/) 24 was used to screen TFs among the co-regulated genes. In addition, by combining with tumor-associated genes (TAGs) database (http://www.binfo. ncku.edu.tw/TAG/) 25 and tumor suppressor genes (TSGs) database (http://bioinfo.mc.vanderbilt.edu/TSGene/), 26 all known oncogenes and TSGs were further extracted from the co-regulated genes.
Protein-protein interaction network analysis
The STRING online software (http://string-db.org/) 27 was used to determine the protein-protein interaction (PPI) relationships of all the genes with confidence (combined score) .0.4. The other parameters were set to the defaults.
mirna prediction
The WebGestalt tool (http://bioinfo.vanderbilt.edu/ webgestalt/) 28 was used to predict miRNAs (enriched gene count $2 and raw R,0.05) targeting the tightly co-regulated genes by using the cumulative hypergeometric distribution. Then, the raw P-values were adjusted to false discovery rates (FDRs) using the Benjamini and Hochberg method in a multi-test package. 29 The FDR ,0.05 was taken as the threshold.
screening of transcriptional regulatory interrelationships
Based on the TF regulatory network data in the Encyclopedia of DNA Elements (ENCODE, http://genome.ucsc. edu/ENCODE), 30 transcriptional interrelationships were identified.
combination of networks
The combination of the PPI network, miRNA regulatory network, and transcriptional regulatory network was performed using the Cytoscape software (http://www.cytoscape.org/). 31 Then, the key nodes (hub proteins) in the PPI network were identified using connectivity degree analysis. 32 
Module analysis
The Molecular Complex Detection (MCODE, http://baderlab. org/Software/MCODE) 33 was used to screen the modules of PPI network (degree cutoff, 2; node score cutoff, 0.2; K-core, 2; maximum depth, 100). The MCODE score .3 and number of nodes .4 were used as the cutoff criteria.
Afterward, functional and pathway enrichment analyses were performed for the co-regulated genes in the modules. P,0.05 and enriched gene count .2 were used as the cutoff criteria.
Validation of the key genes and mirnas
The level 3 data of miRNASeq (including 372 HCC samples and 50 control samples) and RNASeq V2 (including 371 HCC samples and 50 control samples) were downloaded from TCGA (http://cancergenome.nih.gov/). The raw counts in miRNA or gene levels were selected from the data, and the miRNAs or genes, which had not been found in .20% of samples, were rejected. Then, the expression matrix was normalized by trimmed mean of M values method. 34 The differentially expressed miRNAs (DE-miRNAs) and DEGs were identified by edgeR package 35 in R. The FDR ,0.01 and |log fold change| $1 were used as the cutoff criteria.
Results
soft cluster analysis
Using the Mfuzz software, we obtained five clusters of temporal expression patterns ( Figure 1 ). Genes in clusters 1 and 4 showed the increasing expression patterns, whereas genes in clusters 2 and 3 showed the decreasing expression ratios along with the extension of time. The temporal expression patterns of genes in clusters 1 and 2 were basically opposite to those in clusters 3 and 4, respectively. The genes in cluster 5 did not have unified expression profiles and did not have opposite time-dependent patterns. Thus, we performed further analysis for the co-regulated genes in clusters 1-4.
Accordingly, a total of 380 genes including 173 coregulated genes with continuously increasing temporal expression patterns (up co-regulated genes, 93 genes in cluster 1 and 80 genes in cluster 4) and 207 co-regulated genes with continuously decreasing temporal expression patterns (down co-regulated genes, 112 genes in cluster 2 and 95 genes in cluster 3) were identified.
Functional and pathway enrichment analyses
We separately performed the GO enrichment analysis for the up and down co-regulated genes. The up co-regulated genes were associated with response to skeletal system morphogenesis (P=3.67E-0 3 ) and neuron differentiation (P=6.99E-0 3 ; Table 1 ). The down co-regulated genes were significantly relevant to steroid metabolic process (P=1.21E-06) and cholesterol metabolic process (P=4.61E-05). Pathway enrichment analysis showed that the up co-regulated genes submit your manuscript | www.dovepress.com
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Xu et al Table 2 ) and the down co-regulated genes were related to intestinal immune network for immunoglobulin A production pathway (P=2.05E-02; Table 2 ).
screening of TFs, oncogenes, and Tsgs
Using the TF, TAG, and TSG database, we obtained 12 TFs (eg, BACH2, IFN-γ regulatory factor-1 (IRF1), Hoxa2, Hoxb7, and MAFK) and eleven TSGs (eg, BACH2, IRF1, and TRIM3) from the up co-regulated genes, as well as ten TFs (eg, Foxa1, CDX2, and SMAD6), seven TSGs (eg, CDKN2C and DKK1), and two oncogenes (ETV1 and GPX2) from the down co-regulated genes ( Table 3) .
PPi network analysis
We analyzed the interrelationship of all the up and down co-regulated genes. The PPI network of the up co-regulated genes was composed of 39 nodes (products of genes) and 77 edges (interrelationships), such as IRF1 (degree =25), MAFK (degree =13), intercellular adhesion molecule-1 (ICAM1; degree =7), and IRF9 (degree =7; Table 4 ). The PPI network of the down co-regulated genes was composed of 53 nodes and 90 edges, such as Foxa1 (degree =49), CDX2 (degree =10), methylsterol monooxygenase 1 (MSMO1; degree =8), hydroxymethylglutaryl CoA synthase 2 (HMGCS2; degree =7), delta7-sterol reductase (DHCR7; degree =7), and mevalonate diphosphate decarboxylase (MVD; degree =6; Table 4 ).
combination of the networks
Using the WebGestalt online tool, we predicted the miRNAs that might regulate the co-regulated genes in the PPI networks. Then, we further identified the transcriptional regulatory network using ENCODE. Finally, the combined networks of the PPI network, miRNA regulatory network, and transcriptional regulatory network of the up and down co-regulated genes were constructed and visualized using Cytoscape software, respectively (Figure 2 ). Hub nodes in each network were identified. Figure 3 shows the combined networks with the hub nodes of IRF1 ( Figure 3A) and Foxa1 ( Figure 3B ). Interrelationships such as ICAM1-IRF1 (score =0.990) and IRF9-IRF1 (score =0.979) were identified in the network of the up co-regulated genes. Genes such as IRF1 and TRIM3 were the targets of miR-130a, miR-301, miR-181b, miR-17-5p, miR-20a, miR-106a, and so on. PPARGC1A was targeted by miR-29a, miR-29b, miR-29c, and so on (Figure 2A) . Moreover, transcriptional regulatory interrelationships of IRF1 with other ten genes such as MX1, IRF9, and ICAM1 were identified (Figures 2A and 3A) .
In the combined network of the down co-regulated genes, interrelationships such as MSMO1-farnesyl-diphosphate farnesyltransferase 1 (FDFT1; score =0.993), HMGCS2-MVD (score =0.940), and DHCR7-MSMO1 (score =0.868) were obtained. The Foxa1 gene was the target of miR-20a, miR-17-5p, miR-106a, miR-519d, and so on, and MSMO1 was targeted by miR-23a, miR-23b, and so on ( Figure 2B ). In addition, transcriptional regulatory interrelationships of Foxa1 with 42 other genes including HMGCS2 and PGM2L1 were identified ( Figures 2B and 3B ). Figure 4 shows the most significant modules of networks for the up (mode score =6.333; Figure 4A ) and down co-regulated genes (mode score =4.8; Figure 4B ). The module of PPI network of up co-regulated genes consisted of seven nodes and 19 edges ( Figure 4A ). Enrichment analysis showed that these genes were mainly associated with immune response (P=3.40E-02) and response to virus (P=4.74E-02; Table 5 ). There were no enriched pathways for these genes. irF1  25  FOXa1  49  PThlh  24  acsl4  15  Bhlhe41  23  aTP2B2  14  Bach2  20  caT  12  TriM3  18  slc4a4  11  acsl1  17  cDX2  10  MaFK  13  rhOc  10  cnr1 12 MsMO1 Abbreviation: PPi, protein-protein interaction.
Module analysis
The module of PPI network of down co-regulated genes contained six nodes and 12 edges ( Figure 4B ). GO enrichment analysis revealed that the genes were enriched in cholesterol metabolic process (P=1.21E-06), sterol metabolic process (P=1.61E-06), isoprenoid metabolic process (P=1.29E-02), and lung development (P=2.90E-02; Table 5 ). Down coregulated genes of HMGCS2 and MVD were involved in terpenoid backbone biosynthesis pathway (P=8.83E-03).
Validation of the key genes and mirnas
A total of 113 DE-miRNAs (including 97 upregulated and 16 downregulated miRNAs, such as miR-17 and miR-20a) and 3,069 DEGs (including 2,103 upregulated and 966 downregulated genes, such as GBP1 and HMGCS2) were screened. Afterward, the DEGs were compared with the co-regulated genes in clusters 1-4. A total of 11, 21, 14 (eg, HMGCS2), and 19 (eg, GBP2) DEGs were found in clusters 1, 2, 3, and 4, respectively.
Discussion
IRF1 gene is a TF that regulates the transcription of type I IFN-and IFN-inducible genes. 36 As an antiviral pleiotropic cytokine, 37 IFN-γ can result in non-apoptotic cell death of Huh7 cells or human HCC cells by inducing autophagosome formation and autophagy in cells via IRF1 signaling pathway. 38 A previous study suggested that the -300AA IRF1 genotype may be related to the outcome in HCV genotype 3-infected patients and therapeutic response in patients infected by HCV genotype 1. 39 Thus, IRF1 was associated with the prognosis of HCC patients.
miR-17-5p is the most determinant regulator of the G1/S phase cell cycle transition. 40 HEK293T cells transiently transfected with miR-17-5p develop a dramatic increment in the proliferation rate. 40 However, the IRF1 mRNA expression levels increase and the proliferation rate of HEK293T cells reduces subsequently. This might be due to the autophagy triggered by IRF1. These results indicate that IRF1 can reduce the hypo-proliferation phenotype of tumor cells. 40, 41 In this study, we predicted that IRF1 was targeted by miRNAs of miR-130a, miR-301, miR-181b, miR-17-5p, miR-20a, miR-106a, and so on, indicating the vital role of IRF1 in regulating proliferation of HCC cells.
Both GBP1 and GBP2 expressions require TF IRF1 activation. 42 Like IRF1, immunostaining indicates that GBP1/2 accumulation in intracellular compartments contributes to cell autophagy, 43 which inhibits the growth of HCV-induced human HCC cells. 38 According to these results, GBP2 has been discussed as a possible control factor in tumor development. 44 The validation analysis revealed that GBP1 and GBP2 were the DEGs in HCC samples. Thus, the increased expression ratio of GBP1 and GBP2 in JFH-1-infected HCC samples compared with the mock-infected ones revealed that GBP1 and GBP2 might be used as two possible control factors in HCC development.
As an enzyme belonging to the immunoglobulin superfamily, ICAM1 plays an important role in innate and adaptive immune responses. 45 Results of an enzyme-linked immunosorbent assay showed that the serum concentration of ICAM1 is significantly increased in patients with acute viral hepatitis and severe chronic active hepatitis C. 46, 47 In chronic hepatitis C patients and patients with non-B, non-C chronic liver diseases, the serum levels of soluble ICAM-1 is a promising noninvasive marker of liver disease activity. 48 Thus, ICAM1 might be a candidate biomarker of JFH-1infected HCC.
The forkhead protein FoxA1 (or hepatocyte nuclear factor 3α) is a TF and a major determinant of estrogen receptor (ER)-α activity. 49 Estrogens can protect hepatocytes from malignancy, due to which men have a higher incidence of HCC than women. 50 However, overexpression of ERα is related to the development of HCC. 51 MiR-18a elevation that mediates ERα downregulation has been identified in females with HCC. 52 Results from quantitative real-time PCR showed that elevated miR-20a levels are positively correlated with the severity of HCV-infected patients; 53 thus, miR-20a may serve as a potential biomarker in HCV-mediated disease. 54 In this study, Foxa1 was relatively downregulated in JFH-1-infected samples and was targeted by miRNAs such as miR-20a, miR-17-5p, miR-106a, and miR-519d; meanwhile, miR-17 and miR-20a were DE-miRNAs in the HCC samples downloaded from TCGA. Therefore, these miRNAs might serve as potential biomarkers in HCV-mediated HCC. The FDFT1 gene functions as a key regulator in the cholesterol biosynthesis pathway. 55 FDFT1 directs sterol biosynthesis to a branch resulting in the exclusive synthesis of cholesterol. 56 This was inconsistent with the result of this study that FDFT1 was enriched in the cholesterol biosynthesis process. Park et al 57 revealed the critical role of FDFT1 in HCV replication. They showed that siRNA-mediated silencing of FDFT1 gene impairs HCV replication and YM53601-inhibited activity of FDFT1 enzyme abrogates HCV propagation, indicating that FDFT1 is a host factor for HCV. They also observed that HCV infection elevated the level of FDFT1 protein rather than FDFT1 mRNA, 57 demonstrating that HCV might modulate FDFT1 protein level to facilitate its own propagation.
The MSMO1 gene (also known as sterol-C4-methyl oxidase) was relatively downregulated in HCC samples. MSMO1 is reported to be involved in the biosynthetic and metabolic processes of sterol and cholesterol. 58, 59 HCV infection is partly dependent on membrane cholesterol. 60 In this study, MSMO1 was continuously downregulated, demonstrating that sterol/cholesterol metabolism had been altered in HCV-infected cells. Glucose-6-phosphatase (G6PC) is a key enzyme catalyzing the final step of gluconeogenesis. 61 The expression of G6PC is negatively correlated with the tumor grades. 62, 63 Wang et al showed that elevation of miR-23a can severely suppress gluconeogenesis in HCC by downregulating its target gene G6PC. 63 In this study, MSMO1 was targeted by miR-23a and miR-23b, indicating that miR-23a and miR-23b might be the targets to alter gluconeogenesis, and sterol and cholesterol metabolic processes in HCC.
The MVD (EC 4.1.1.33) gene encodes a key enzyme in the mevalonate pathway, which catalyzes the metabolism of isoprenoids. 64, 65 Isoprenoids participate in and are essential for diverse cellular functions, ranging from cholesterol synthesis to growth control. 65 In this study, MVD was enriched in biological processes including cholesterol/sterol/ steroid/isoprenoid metabolic/biosynthetic processes. All the isoprenoids were required for the HCV RNA replication or energy metabolism. These results indicated the vital role of MVD in HCV-related HCC.
Like MVD, HMGCS2, and DHCR7, genes were also enriched in biological processes such as cholesterol/sterol/ steroid and/or isoprenoid metabolic/biosynthetic processes. HMGCS2 enzyme catalyzes the first step in isoprenoid biosynthesis, a site controlling the cholesterol pathway. 66 DHCR7 enzyme catalyzes the last step in the biosynthesis of cholesterol. 67 In our study, HMGCS2 was not only a DEG in HCC samples downloaded from TCGA but also a co-regulated gene in cluster 3. Therefore, both HMGCS2 and DHCR7 were vital genetic factors regulating cholesterol metabolism to control the energy metabolism of HCV, thereby controlling the replication of HCV. However, there are no experimental studies that had verified the important roles of HMGCS2 and DHCR7.
Conclusion
In conclusion, we identified the clusters of co-regulated genes with similar temporal expression patterns in the JFH-1-infected HCC samples compared with the mock-infected samples. IRF1 and Foxa1 were the targets of miR-130a, miR-17-5p, and miR-20a. PPARGC1A was the target of miR-29a, miR-29b, and miR-29c, and MSMO1 was the target of miR-23a and miR-23b. Both the up and down co-regulated genes and miRNAs were related to HCV-induced human HCC. Therefore, they could be used as candidate biomarkers of JFH-1infected HCC. However, further studies are still needed to testify the viability of the above-mentioned assumptions.
